The relations between dual-task effects and aging were examined through a meta-analysis of 33 studies (with 48 independent participant groups) using latency as the dependent measure and 30 studies (with 40 independent participant groups) focusing on accuracy. Brinley plots and state traces were derived, and a model to explicate different types of complexity (additive and multiplicative) was developed. The effects of dual-task processing on latency were additive, and this additive cost was larger in older adults than in younger adults and larger than predicted from general slowing. This cost was small and independent of task complexity. The effects of dual-task processing on logit-transformed accuracy were likewise additive, but no specific age deficit was associated with this dual-task cost.
With aging, performance on a large number of cognitive tasks declines (see Salthouse, 2000, and Schwarz, 2000 , for edited volumes of narrative reviews). Moreover, it has been found that these performance decrements are intercorrelated (see Verhaeghen & Salthouse, 1997 , for a meta-analysis), suggesting that decline in a single cognitive primitive may lie at the foundation of those widespread age-related declines in cognitive performance. This cognitive primitive has mostly been identified with the concept of mental resources (see, e.g., Salthouse, 1991 Salthouse, , 1996 . Resource explanations claim that age-related differences in (a) mental speed, (b) mental workspace, and/or (c) mental energy are responsible for a large part of the observed age-related changes in more complex aspects of cognition.
To date, the role of speed has been the main focus of research in this field (see Salthouse, 1991 Salthouse, , 1996 , for an overview). One of the key discoveries in cognitive aging in the last quarter of the previous century is that, within relatively broad task domains (e.g., lexical processing or visuospatial processing), the effects of age on reaction-time performance can be well described by a single linear function (see, e.g., Cerella, Poon, & Williams, 1980; Hale & Myerson, 1996) . It has been demonstrated that such a pattern of within-domain general linear slowing can be explained using a single underlying mechanism (Bamber, 1979; Cerella, 1994; Dunn & Kirsner, 1988) . The slope of the function relating performance of the old to performance of the young can be considered an estimate of the single age-related slowing factor that operates on central processes (i.e., all processes intervening between the sensory and motor stages of processing; see Cerella, 1990 , for a mathematical derivation of this claim; see Ratcliff, Spieler, & McKoon, 2000 , for an alternative interpretation; and Myerson, Adams, Hale, & Jenkins, 2003 , for a defense of the original interpretation).
The pervasiveness of the phenomenon of linear slowing effects has led many researchers to propose it as a new null hypothesis for cognitive aging (e.g., Cerella, 1994; Faust, Balota, Spieler, & Ferraro, 1999; Madden, Pierce, & Allen, 1992; Perfect & Maylor, 2000) . That is, it has been proposed that generalized slowing should be considered the baseline phenomenon of cognitive aging: The starting point of any analysis should be that a particular set of conditions is expected to yield a linear relationship between latencies of younger and older adults (with a slope larger than one and typically a small negative intercept). This expectation has implications for the way condition effects should be measured. Typically, condition effects in latency data are expressed in additive terms, that is, the time needed in a baseline condition is subtracted from the time needed in a critical condition, and this index is then used in subsequent analyses. However, given that the empirical relationship between latencies of younger and older adults is linear (and near multiplicative), this traditional way of looking at data gives rise to incorrect interpretations for the simple reason that more complex conditions take longer to process. Because complex conditions take longer, the absolute age difference in more complex conditions will, by virtue of this near-multiplicative relationship, be larger than the age difference in less complex conditions (Cerella et al., 1980) . Conversely, going from simple to more complex conditions, the condition effect will be larger in older adults than in younger adults. Here is a numerical example. Suppose that there is a baseline task that takes younger adults 500 ms to complete and that the peripheral component is 200 ms. Assume an age-related slowing factor of 1.5 (healthy 60 to 70-year-old adults are typically 1.5 times, or 50%, slower than college-age adults). One can then expect a reaction time of 200 ms ϩ (1.5 ϫ 300 ms) ϭ 650 ms for older adults. (Typically, peripheral processing is also slowed in older adults, but by a very small factor.) Now introduce a more complex version of the task, which increases reaction time for the young by 500 ms, leading to a total time of 1,000 ms. The reaction time expected for older adults is now 200 ms ϩ (1.5 ϫ 800 ms) ϭ 1,400 ms. For the case at hand, an age difference of 150 ms is recorded in the baseline condition and one of 400 ms in the more complex condition, despite the fact that no additional deficit is associated with the specific processes underlying the increased complexity.
Research into the second aspect of mental resources, namely, workspace, has typically focused on working memory capacity. It has been shown that working memory capacity declines with advancing age (for a meta-analysis, see Verhaeghen, Marcoen, & Goossens, 1993) and that working memory capacity mediates between age and more complex aspects of cognition, such as episodic memory, reasoning, and spatial ability (for a meta-analysis, see Verhaeghen & Salthouse, 1997) . Some researchers have claimed that certain aspects of working memory functioning are partially independent of processing speed and may yield specific age-related effects. For instance, it has been shown that tasks requiring online processing concurrent with storage and retrieval from working memory yield age differences in speed and accuracy that are larger than those predicted from tasks without such demands (see, e.g., Kliegl, Mayr, & Oberauer, 2000; Mayr & Kliegl, 1993; Verhaeghen, Kliegl, & Mayr, 1997) .
The third aspect of resources, mental energy, has typically been operationalized as attentional ability. There is a rather large body of literature on the relationship between aging and at least two aspects of attention, namely, selective and divided attention (for recent narrative overviews, see McDowd & Shaw, 2000, and Rogers, 2000) . De Meersman (1998a, 1998b) conducted meta-analyses on age differences in two tasks that measure selective attention, namely the Stroop color-word task and negative priming. It was found that once age differences in the baseline condition were taken into account, the observed age deficits in Stroop interference and location negative priming disappeared and that there was only a slight deficit in identity negative priming (and this might have been associated with a memory deficit rather than with age differences in attention per se). This makes it unlikely that age-related difficulties with selective attention are the source of latency differences in more complex cognitive tasks (see, e.g., Hasher & Zacks, 1988) . Rather, mental slowing (whatever its cause) may be the sole source of the observed age differences in selective attention paradigms.
What about aging and divided attention? The paradigm most often used to measure divided attention is dual-task performance, that is, simultaneous processing of two (and sometimes more) sources of information. There is little doubt that mental resources are needed to divide attention among two or more tasks (see Pashler, 1998 , for an overview of theories pertaining to dual-task performance and its demands on the cognitive system). There is also little doubt that there is an age-related decline in dual-task performance in the sense that older adults are slower under dualtask conditions than younger adults are (for reviews, see, e.g., Hartley & Little, 1999; McDowd & Shaw, 2000) . However, under the null hypothesis of general slowing, mental slowing is to be expected in any kind of cognitive task. The real question then becomes, Are older adults slower under dual-task conditions than can be expected from the age difference observed under singletask conditions? If the answer were affirmative, this would be evidence for a deficit in divided attention over and beyond the effect of normal, general age-related slowing. If the answer were negative, then the age-related deficit in divided attention may be merely another instance of the general slowing that pervades the cognitive system with advancing age. Given that dual-task performance may require the division of mental resources among tasks, it is also reasonable to assume that under certain circumstances, accuracy would decrease when a secondary task gets compounded with a given single task. The same question that we have asked about age-related slowing in dual-task performance can be asked about accuracy and aging under dual-task conditions: Are there age-related differences in accuracy under the dual-task paradigm beyond those observed under single-task conditions? (Note that the age difference need not be in the direction of lower accuracy. It can also take the direction of higher accuracy under dual-task conditions than under single-task conditions, if older adults sacrifice speed to preserve accuracy.)
In the present article, we report results from a meta-analysis on aging and its effects on dual-task performance as measured by reaction time and accuracy. Two types of graphical analysis were applied to the data using hierarchical linear modeling (Sliwinski & Hall, 1998) . First, a state-trace analysis was conducted, that is, we regressed performance in dual-task conditions on performance in single-task performance separately for younger and older adults. We then tested whether a single line sufficed to explain the data or whether two different lines (one for younger adults, one for older adults) were needed to adequately describe the relation between dual-task performance and single-task performance. If a single line were to fit the data, it would imply that there was no age difference in the relation between single-and dual-task performance. If two lines were to appear (one for young, one for older adults), the interpretation would depend on the form the dual-task cost took (see below). It has been shown that state-trace analysis is less conservative than the more traditional Brinley analysis when sampling variance is large in comparison to the experimental effect (Verhaeghen & De Meersman, 1998a) . Second, we conducted a Brinley analysis (see, e.g., Brinley, 1965; Cerella et al., 1980) , that is, performance of older adults was analyzed as a function of performance of younger adults. In this analysis, we examined whether a single line sufficed to explain the data or whether two different lines (one for single-task performance, one for dual-task performance) were needed to adequately describe the relation between the performance of younger and older adults. If two lines were needed, this would be direct evidence for age sensitivity of the processes involved in dual-task performance.
Theoretically, dual-task costs can take many forms. For the latency data, we examined the two simplest cases: additive and multiplicative costs. First, dual tasking may serve to add an additional step in the chain of processing operations needed for the single task (e.g., a task-switching or task-preparedness stage; Allport, Styles, & Hsieh, 1994; Monsell, 1996) . In that case, the dual-task cost would be additive, that is, it would add a fixed number of milliseconds to the reaction time. (Note that this is the model that is implicitly assumed in most of the literature, where dual-task costs are calculated as the difference between latency in the dual-task condition and latency in the single-task condition.) A second possibility is that the effects of dual tasking may be distributed across the central components of the single task, slowing each of these components by a fixed ratio. This implies that as the complexity of the single task (as indicated by its latency) increases, so would the dual-task cost. In that case, dual task costs would be multiplicative on the latency of the single task. If one assumes that the age deficit in central processes takes the usual multiplicative form within families of processes (see, e.g., Cerella, 1990; Hale & Myerson, 1996) , then the choice of model for dual-task costs will lead to distinct predictions concerning the type of linear functions found in both Brinley and state-trace analyses. In Appendix A, we formalize these models and their consequences for the dual-versus single-task traces in Brinley space and for the young versus old trace in state-trace space. As can be seen in Appendix A, it is only the convergence of evidence from both types of analysis that can answer the question of what form the dual-task cost takes and whether or not there is an age difference in this dual-task cost.
The focus of our analysis is on the description of age differences, not on general effects of different manipulations in task or stimulus material on dual-task processing. Some of these effects, however, may interact with age differences and are therefore explored here. We included five potential moderating variables in our analysis. These emerged partially from theoretical analysis and partially out of convenience, that is, they represent variables that varied in a systematic way within and across the studies in our database. The first moderating variable is whether or not the processing requirements of the primary task are predominantly sensorimotor (e.g., simple reaction time) or cognitive (e.g., visual search) in nature. Sensorimotor tasks presumably place less heavy demands on attentional resources than cognitive tasks. Additionally, age differences in sensorimotor tasks are smaller than those in cognitive tasks (Cerella & Hale, 1994) . For these two reasons, age differences in dual-task costs might be smaller in sensorimotor tasks than in central tasks. The second moderating variable is whether the primary task is verbal (e.g., working memory span) or visuospatial (e.g., visual search) in nature. Age differences in latency for verbal tasks are typically smaller than those in visuospatial tasks (see, e.g., Hale & Myerson, 1996) , and this distinction might moderate the age difference in dual-task costs as well. The third moderating variable is whether or not the input modality for the primary task (visual or auditory) matches the input modality for the secondary task. Within-modality dual tasking generally yields larger costs than between-modalities dual tasking (Pashler, 1998, pp. 160 -161) , and it may be possible that this difference in difficulty also leads to an age difference in dual-task costs. The fourth moderating variable is input modality of the primary task (visual or auditory); the fifth is output modality of the primary task (manual or vocal).
Method

Sample of Studies
Studies were collected by consulting the PsycINFO electronic database, through personal contacts, and by checking references found in the articles thus retrieved. The search was concluded in July 2001. Inclusion criteria were: (a) The study contained experiments in which a comparison was made between age groups, namely, younger adults (with a mean age of 30 years or younger) versus older adults (with a mean age of 60 years and older); and (b) the study compared either latencies or accuracy or both under dual-task conditions with the corresponding measure in single-task performance. Table 1 presents a listing of all independent groups for the latency analyses; Table 2 provides a listing of all independent groups for the accuracy analyses. No study was excluded for any reason other than those stated above.
State-Trace Analysis
Latency analysis. For the state-trace analysis, the mean latency data of dual-task conditions were regressed on the mean latency data of single-task conditions. Mean latency data were expressed in milliseconds. The assumption is that a linear model adequately captures the relation between single-and dual-task latencies; the rationale for this expectation is derived in Appendix A.
Traditionally (see, e.g., Cerella et al., 1980; Hale & Myerson, 1996; Verhaeghen & De Meersman, 1998a , 1998b , meta-analyses in the field of cognitive aging have been conducted using pooled or aggregate regression procedures. Pooled regression uses the reaction-time data from any of the single-and dual-task experimental conditions from each study and ignores the nesting of conditions within studies (see, e.g., Cerella, 1985 Cerella, , 1991 . Sliwinski and Hall (1998) described serious statistical problems that arise using pooled regression, including ambiguous regression coefficients and biased significance testing. In the present study, we used aggregate regression (weighting for sample size) for our first pass over the data, that is, for identifying outlying studies. The aggregate regression approach uses only between-studies variability and does not provide information about the state-trace function for any single study. To take full advantage of the nested structure of conditions within studies, we used multilevel modeling procedures to obtain state-trace functions for each study, to obtain average parameters (and their variances) across studies, and to compare the parameters from these functions in the old and young samples. This analytic approach required the specification of a condition-level model, which represents the mean reaction time for each dual-task condition as a function of the reaction time from a corresponding single-task condition within each study:
where D it is the average dual-task reaction time from Condition i in Study t, S it is the average single-task reaction time from Condition i in Study t, ␤ 0t is the intercept, ␤ 1t is the slope relating single-to dual-task reaction times for Study t, and R it is the residual for Condition i in Study t. The study-level model then represents each regression parameter as a function of the overall mean and each study's unique effect as follows:
where ␤ 0 is the average intercept across all studies, ␤ l is the average slope across all studies, and U 0t and U lt are the increments to intercept and slope associated with Study t. The fixed effects, ␤ 0 and ␤ 1 , provide precision weighted estimates of the average within-study intercept and slope, whereas the random effects, U 0t and U lt , provide estimates of the withinstudy regression parameter variance. Age effects were examined in the condition level model by introducing a dummy variable that codes for age group (age ϭ 0 if young, age ϭ 1 if old):
The parameter ␣ 0t conveys the effect of age group on the intercept of the state-trace, and the parameter ␤ lt conveys the effect of age group on the slope. If the average ␣ 0 is larger than 0.0 by a statistically significant amount, coupled with an absence of age difference in ␣ 1 , then the difference between the state-traces of younger and older adults is situated in the intercept only, which would be evidence of a purely additive age deficit on the dual-task effect. If ␣ 1 is larger than 0.0 by a statistically significant amount, then the slopes of the state-traces of younger and older adults are significantly different.
Accuracy analysis. The state-trace analysis on accuracy data (i.e., percentage correct) was conducted analogously to the state-trace analysis on latency data. However, no good rationale exists for expecting a linear relation between accuracies of single and dual tasks. Additional difficulties Note. RT ϭ reaction time; Expt. ϭ experiment. Task types: A ϭ auditory recognition and categorization; AA ϭ alphabet arithmetic; AD ϭ auditory discrimination; AP ϭ audio probe; AS ϭ auditory search; CI ϭ color identification; CR ϭ cued recall; CRR ϭ cued recall and recognition; CV ϭ category verification; DF ϭ digit-span forward; DI ϭ digit-identity decision; DS ϭ digit-symbol substitution; DSD ϭ digit-symbol substitution decision; FR ϭ free recall; LI ϭ letter identification; LM ϭ letter matching; LR ϭ letter recognition; LRC ϭ letter recall; LTM ϭ long-term memory; MA ϭ mental arithmetic; MA ϩ W, N ϭ mental arithmetic, extra word, extra number, and subproduct and embedded-number recall; MS ϭ memory search; MT ϭ manual tracking; NA ϭ number addition; NI ϭ number identification; NN ϭ nonword naming; NV ϭ number verification; NV ϩ W, N ϭ number verification and extra word, extra number or end number; PR ϭ picture recall; SO ϭ spatial orientation; STM ϭ short-term memory; SV ϭ sentence verification; TP ϭ temporal prediction; TM ϭ tone matching; V ϭ visual search and categorization; VC ϭ visual categorization; VD ϭ visual discrimination; VM ϭ visual matching; VR ϭ verbal recall; VRC ϭ verbal recognition; VRS ϭ verbal reasoning; VRT ϭ vocal reaction time; VS ϭ visual search; WKG ϭ working memory; WN ϭ word naming; WS ϭ word span. a Male participants only.
were caused by accuracy scores close to 100%, which led to problems with range restriction and to scaling issues. Therefore, a logit (or log-odds) transformation was applied to the data (logit ϭ ln[P/(1 Ϫ P]; with P ϭ proportion correct). The logit transformation represents the most common and general function for modeling proportions in linear models (McCullagh & Nelder, 1989) . Preliminary model fitting and inspection of the residuals from regression analysis of the raw accuracy data indicated evidence of heteroscedasticity, which was eliminated by applying the logit transformation. As for the latency data, the main analysis tested whether different equations were needed for younger and older adults after the logit transformation had been applied.
Brinley Analysis
Latency analysis. For the Brinley analysis on latency, mean performance of older adults was regressed on mean performance of younger adults. Mean latency data were expressed in milliseconds. We applied the multilayered slowing model advanced by Cerella (1990) to the data. This Note. Expt. ϭ experiment. Task types: AA ϭ alphabet arithmetic; AD ϭ auditory discrimination; AP ϭ audio probe; AS ϭ auditory search; CI ϭ color identification; CR ϭ cued recall; CV ϭ category verification; DC ϭ dot counting; DF ϭ digit-span forward; DI ϭ digit-identity decision; DS ϭ digit-symbol substitution; DSD ϭ digit-symbol substitution decision; EG ϭ exemplar generation; FR ϭ free recall; LD ϭ lexical decision; LI ϭ letter identification; LM ϭ letter matching; LR ϭ letter recognition; LRC ϭ letter recall; MA ϭ mental arithmetic; MA ϩ W, N ϭ mental arithmetic, extra word, extra number, and subproduct and embedded-number recall; MT ϭ manual tracking; NA ϭ number addition; NV ϭ number verification; NV ϩ W, N ϭ number verification and extra word, extra number, or end number; R ϭ recognition; SO ϭ spatial orientation; STM ϭ short-term memory; SV ϭ sentence verification; V ϭ visual search and categorization; VD ϭ visual discrimination; VM ϭ visual matching; VR ϭ verbal recall; VRL ϭ visual recall; VRS ϭ verbal reasoning; VRT ϭ visual reaction time; VS ϭ visual search; VT ϭ visual tracking; WKG ϭ working memory; WN ϭ word naming; WS ϭ word span.
model assumes that aging brings about differential slowing in peripheral processes (i.e., input and output processes) and central processes. Cerella demonstrated that such a model yields young-old data that can be described by a linear function:
where O t is average latency of older adults in Study t, and Y t is average latency of younger adults in Study t. The ␤ l parameter, or the slope of the function, describes the ratio of older over younger central processing time and thus provides an index of age-related slowing in central processing.
(The ␤ 0 parameter, or the intercept of the function, has no directly interpretable meaning.) We adopted this equation as our model for age differences in single-task performance.
At the descriptive level, we tested whether different equations were needed for single-task and dual-task conditions. In Appendix A, we discuss the theoretical meaning of possible observed differences between conditions. In our multilevel Brinley analysis, as in the multilevel state-trace analysis, we distinguished a condition-level model and a study-level model. The condition-level model represented the mean reaction time of older adults as a linear function of the mean reaction time of younger adults for each study, using a dummy code for investigating single-versus dual-task effects. The study-level model represented each regression parameter as a function of the overall mean and each study's unique effect.
Accuracy analysis. Preliminary model fitting and inspection of the residuals from regression analysis of the raw accuracy data indicated evidence of heteroscedasticity, which was eliminated by applying the logit transformation, as was done for the state-trace analysis (see Verhaeghen, Vandenbroucke, & Dierckx, 1998 , for an earlier application of the logit model in the context of detecting age-related differences in cognition). The main analysis tested whether different equations were needed for singletask and dual-task conditions after the logit transformation had been applied.
Significance level of all statistical tests was set at .05.
Results
Outlier Analysis
Latency data. As a first descriptive tool, we offer a tabulation of the complete set of aggregated latency data in Table 1 ; Figure  1 represents a plot of the mean latencies in state space ( Figure 1A ) and Brinley space ( Figure 1B) . One of the possibly problematic aspects of the present data set, as can be seen in Table 1 and Figure 1 , is the large but unbalanced diversity in reaction times. Figure 1 shows that a large number of the data points cluster below latencies of 2,000 ms; only a few studies have longer latencies, but these latencies are then quite a bit larger than 2,000 ms. Exploratory analysis on the data of younger adults indeed shows that all single task data points with latencies of 2,550 ms or longer are outliers, in the sense that these latencies are situated at three or more interquartile ranges from the mean.
During our first pass over the data, it became clear that these long-latency points were quite influential in the estimation of the regression parameters, especially for the Brinley analysis. For the full data set, a linear model (WLS, weighting for sample size) fitted the data very nicely, with R 2 ϭ .99 for single-task conditions and .98 for dual-task conditions. For single-task conditions, the intercept is 26 ms (SE ϭ 48), and the slope is 1.26 (SE ϭ 0.02); for dual-task conditions, the intercept is 273 ms (SE ϭ 102), and the slope is 1.13 (SE ϭ 0.02). Interaction analysis showed that adding a dummy intercept term and an interaction term for dualtask performance significantly improved fit (R 2 full model ϭ .985; ⌬R 2 ϭ .002; F change [2, 92] ϭ 7.74. Both terms were significant, implying that the Brinley regression lines for single-task and dual-task performance differed in both intercept and slope. Note that the Brinley slope for the dual-task performance in this full data set was actually reliably smaller than the slope for single-task performance, suggesting a smaller age deficit in central processing under dual-task conditions than under single-task conditions.
Closer scrutiny of the data showed that this counterintuitive result may have been due to the large influence on the regression lines by two of the observations with long latencies: (a) the study by Broadbent and Heron (1962) and (b) the study by Kramer, Larish, & Strayer (1995) . The former study had a very large influence on the regression lines (Cook's D ϭ 8.19 and 13.94 for the single-task and dual-task condition, respectively), probably because of its extremely long latencies. The latter study was an Table 1 ). A: Plots younger and older adults' mean dual-task latency as a function of corresponding mean single-task latency (state trace). B: Plots single-and dual-task mean latency of older adults as a function of the corresponding mean latency of younger adults (Brinley plot) . RT ϭ reaction time.
outlier for the dual-task condition (Studentized residual ϭ 6.20) and was also quite influential in that condition (Cook's D ϭ 0.68, which is large compared with the next rank-ordered Cook's D, which was 0.04). Therefore, we omitted these two studies from the database and reestimated the regression lines. The linear model again fitted the data very well, R 2 ϭ .98 and .98 for single-task and dual-task conditions, respectively. For single-task conditions, ␤ 0 ϭ 84 (SE ϭ 42), and ␤ l ϭ 1.17 (SE ϭ 0.02); for dual-task conditions, ␤ 0 ϭ 145 (SE ϭ 49), and ␤ 1 ϭ 1.17 (SE ϭ 0.02). Interaction analysis showed that the two regression lines were statistically identical (R 2 full model ϭ .983; ⌬R 2 ϭ .000; F change [2, 88] ϭ 0.99); the resulting single regression line for both types of conditions has an intercept of 113 ms (SE ϭ 30) and a slope of 1.17 (SE ϭ 0.02). This Brinley slope, however, is quite small compared with slopes typically observed in aging research (e.g., Cerella, 1990) . Visual inspection of Figure 1 suggests that there is a discontinuity in the scatterplot around the 2,000-ms mark on the abscissa: the slope of the Brinley function appears to be steeper for tasks taking less than 2 s than for tasks taking longer than 2 s. Therefore, in a second Brinley analysis, we examined only the data points for which younger adults' single-task latencies were faster than 2 s (38 data points for single-task performance, 38 for dual-task performance). This model produced a slope of 1.57, which is more in line with expectations.
Given these two findings, namely, that the outliers in the data set had very long task latencies and that the Brinley slope is more in line with expectations for single tasks with latencies below 2,000 ms, we decided to truncate the data set and include only studies with younger adult single-task latencies smaller than 2,000 ms (k ϭ 38, with k being the number of independent participant groups).
Accuracy data. A tabulation of the complete set of accuracy data is provided in Table 2 ; Figure 2 represents a plot of the average accuracies in state space ( Figure 2A ) and Brinley space ( Figure 2B ). Exploratory data analysis showed that no data points could be considered as outliers. Therefore, all further analyses were conducted on the full data set (k ϭ 40).
State-Trace Analysis
Latency data. Figure 2A depicts the latency state space for the truncated data set. Multilevel modeling procedures were applied to this data set. Fitting a model of the form shown in Equation 3 produced the following parameter estimates: ␤ 0 ϭ 109.4 (SE ϭ 27.3), ␣ 0 ϭ 50.7 (SE ϭ 21.3), ␤ 1 ϭ 0.96 (SE ϭ 0.06), and ␣ 1 ϭ 0.04 (SE ϭ 0.03). The ␣ 1 parameter, which conveys the age effect on the slope relating dual-to single-task performance, was not significantly larger than zero. Therefore, the model was refit constraining ␣ 1 to be zero. Adding this constraint did not reduce the fit of the model as evidenced by a likelihood ratio test ( 2 [1, N ϭ 40] ϭ 2.3, p Ͼ .05). The additive age-effect model yielded the following parameter estimates: ␤ 0 ϭ 92.1 (SE ϭ 24.9), ␣ 0 ϭ 77.9 (SE ϭ 11.5), ␤ 1 ϭ 0.99 (SE ϭ 0.06). The estimate of the ␤ 1 parameter (the slope of the function relating dual-task performance to single-task performance) contained unity within its 95% confidence interval (0.87 to 1.11), and the intercept estimates for the younger and older adults were significantly greater than zero. This suggests that the dual-task cost is constant across task complexity as defined by single-task latencies. The ␣ 0 parameter was significantly larger than zero, indicating that the intercept was larger in older compared with younger adults. Thus, analysis of the fixed effects was consistent with an additive dual-task cost and with an additive age effect in this cost. This model accounted for over 95% of the within-study variance in mean dual-task reaction times, and inspection of residual plots revealed no systematic pattern or evidence of heteroscedasticity, suggesting the model provided an adequate fit to the data. We also investigated the influence of our selected moderator variables on the additive dual-task cost. The first moderator variable was whether the task relied primarily on sensorimotor or central processes. Tasks classified as primarily sensorimotor were Table 1 , omitting all data points with younger adults' mean single-task latencies longer than 2,000 ms). A: Plots younger and older adults' mean dual-task latency as a function of corresponding mean single-task latency (state trace). B: Plots single-and dual-task mean latency of older adults as a function of the corresponding mean latency of younger adults (Brinley plot) . The regression lines are derived from the aggregate regression analysis. RT ϭ reaction time. reaction time to visual or auditory probes, visual or auditory discrimination, color or letter identification, tone matching and visual matching. All other tasks were classified as primarily central. Slopes for studies using sensorimotor (0.96, SE ϭ .07) and central (1.02, SE ϭ .13) primary tasks did not differ by a statistically significant amount ( p ϭ .68). Additive effects did not differ between studies using sensorimotor (105.1, SE ϭ 31.8) and studies using central (93.3, SE ϭ 53.3) primary tasks ( p ϭ .80), nor did the additive age effects differ between sensorimotor (73.4, SE ϭ 27.2) and central (39.8, SE ϭ 23.3) tasks by a statistically significant amount ( p ϭ .14). The second moderator variable coded whether the primary and secondary tasks were verbal or nonverbal. The additive cost was significantly higher ( p ϭ .03) for verbal (271.1, SE ϭ 65.1) compared with nonverbal (99.3, SE ϭ 49.6). The average slope for verbal tasks (0.75, SE ϭ .13) was significantly lower ( p ϭ .05) than for nonverbal tasks (1.08, SE ϭ .10), although both slopes did not differ significantly from 1.0. The verbal-nonverbal contrast did not modify any other effect. The third moderator involved matching of input modalities. The additive cost was higher for studies in which the input modality matched (127.7, SE ϭ 29.6) compared with studies in which input modalities did not match (80.1, SE ϭ 11.5, p ϭ .04). Input modality, our fourth variable, did not produce any reliable effects. Our fifth variable was vocal versus manual output. Vocal-output tasks were associated with reduced and nonsignificant additive dual-task costs and with reduced and nonsignificant age effects ( p Ͻ .01): ␤ 0 ϭ 37.6 (SE ϭ 35.7) versus 105.6 (SE ϭ 26.1), ␣ 0 ϭ 30.3 (SE ϭ 21.7) versus 95.7 (SE ϭ 12.7), respectively. The slopes for the studies using a vocal-output mode (␤ 1 ϭ 1.14, SE ϭ 0.14) and manual-output mode (␤ 1 ϭ 0.97, SE ϭ 0.07) for the primary tasks did not differ by a statistically significant amount ( p ϭ 0.28), and both slopes were not significantly different from 1.0.
Accuracy analysis. Figure 3A shows the accuracy state space. Accuracy scores were logit transformed prior to the multilevel analysis. Note that this amounts to fitting a curvilinear model in the original state space. Studies that had experimental conditions yielding perfect performance were omitted from this analysis, as the logit score for P ϭ 1.00 is undefined. Fitting a model of the form shown in Equation 3 to the logit scores produced the following parameter estimates: ␤ 0 ϭ Ϫ0.41 (SE ϭ 0.12), ␣ 0 ϭ Ϫ.03 (SE ϭ 0.07), ␤ 1 ϭ 0.95 (SE ϭ 0.33), and ␣ 1 ϭ Ϫ.03 (SE ϭ 0.03). Neither the coefficient associated with age differences in intercept nor the coefficient associated with age differences in slope was significant, so the model was refitted including only ␤ 0 and ␤ 1 as parameters. This model had an intercept of Ϫ0.45 (SE ϭ 0.11) and a slope of 0.95 (SE ϭ 0.03). The intercept was significantly smaller than zero ( p Ͻ .01); the slope was not significantly different from unity. This model accounted for 84.7% of the within-study variance in mean dual-task accuracy. Inspection of residual plots revealed no systematic pattern or evidence of heteroscedasticity, suggesting the model provided an adequate fit to the data. Together, then, these analyses show that (a) there was an additive effect of dual-task performance on accuracy in logittransformed space (i.e., the logit of proportion correct was reduced by a constant amount) and (b) there was no evidence for an age-specific effect on dual-task performance.
We next investigated the influence of the same set of moderator variables examined in the response-time analyses. The slope of the state trace was lower for the visual compared with auditory input primary-task mode, ␤ 1 ϭ 0.90 (SE ϭ 0.04), and ␤ 1 ϭ 1.02 (SE ϭ 0.04), respectively ( p Ͻ .04). Primary-task input mode did not influence the additive dual-task cost nor the effect of age ( p Ͼ .30 for all comparisons). None of the other candidate moderators influenced the dual-task costs or age effects by a statistically significant amount ( p Ͼ .20 for all comparisons).
Brinley Analysis
Latency data. Figure 2A shows the latency Brinley space for the truncated data set. A multilevel regression model was fit to the young-old response-time data to test whether the slowing functions differed between single-and dual-task conditions. The results of the model fitting yielded the following parameter estimates: ␤ 0 ϭ Ϫ190.7 (SE ϭ 48.1), ␣ 0 ϭ 17.3 (SE ϭ 29.3), ␤ 1 ϭ 1.61 (SE ϭ 0.08), ␣ 1 ϭ 0.03 (SE ϭ 0.04). The value for ␣ 1 was not reliably different from zero, indicating that the average slopes for the single-and dual-task conditions did not differ significantly. Refitting the model with ␣ 1 constrained to be zero yielded the following parameter estimates: ␤ 0 ϭ Ϫ199.5 (SE ϭ 46.5), ␣ 0 ϭ 35.7 (SE ϭ 12.1), ␤ 1 ϭ 1.63 (SE ϭ 0.08). The ␣ 0 parameter was significant. Thus, two lines emerged in Brinley space: a line for single-task conditions, with an intercept of Ϫ200 ms and a slope of 1.63, and a line for dual-task performance parallel to the line for single-task performance but elevated 36 ms above it. The existence of two lines indicates an age-specific deficit in dual-task performance. The model accounted for 95.6% of the within-study variance.
We investigated the influence of the same set of moderator variables as in the previous state-trace latency analyses. Consistent with previous analyses (Hale & Myerson, 1996) , the slope for nonverbal tasks (1.78, SE ϭ .12) was significantly steeper ( p Ͻ .01) than for nonverbal tasks (1.18, SE ϭ .15). The latter slope was not significantly larger than 1.0. However, the verbal-nonverbal contrast did not influence the dual-task effects. The only other moderator variable to influence age-related slowing was one that coded for whether the input modalities for the primary and secondary tasks matched (e.g., both were visual or both were auditory). Older adults exhibited less slowing on tasks in which the input modality matched compared with studies in which input modalities did not match (Ϫ133.9, SE ϭ 33.0, p Ͻ .01). Modality match did not interact with either dual-task cost or the Brinley slope ( p Ͼ .10 for all).
Accuracy data. Figure 3B depicts the accuracy Brinley plot. Fitting a full model to the logit-transformed data (omitting studies with perfect accuracies) produced the following parameter estimates: ␤ 0 ϭ Ϫ0.46 (SE ϭ 0.11), ␣ 0 ϭ Ϫ0.03 (SE ϭ 0.08), ␤ 1 ϭ 0.94 (SE ϭ 0.03), and ␣ 1 ϭ Ϫ0.03 (SE ϭ 0.03). Given that neither the coefficient associated with the age dummy nor the interaction term was significant, the model was refitted including only ␤ 0 and ␤ 1 as parameters. The intercept of this model was equal to Ϫ0.49 (SE ϭ 0.09); the slope was equal to 0.93 (SE ϭ 0.03). The intercept was less than zero by a statistically significant margin, and the slope was significantly less than one.
Follow-up analyses indicated that only one moderator influenced age differences in dual-task effects. Older adults exhibited lower accuracy on tasks in which the input modality of the primary and secondary tasks matched (␤ 0 ϭ Ϫ0.58, SE ϭ 0.12) compared with studies in which input modalities did not match (␤ 0 ϭ Ϫ0.25, SE ϭ 0.12, p ϭ .03). Modality match did not interact, however, with either dual-task cost or with the slope ( p Ͼ .10 for all).
Speed-Accuracy Trade-Offs
The dependent variable for dual-task performance is typically either latency or accuracy, and participants are typically instructed to give priority to one over the other. It is, however, possible that the specific age-related effect of dual tasking on latency is due to a different speed-accuracy trade-off, that is, it is possible that compared with younger adults, older adults have a greater tendency to sacrifice speed to keep accuracy high. Such age difference in strategy use alone could produce the observed dissociation.
To test this assumption, we plotted accuracy differences (i.e., single-task accuracy Ϫ dual-task accuracy) as a function of latency differences (i.e., single-task latency Ϫ dual-task latency) for both young and older adults (see Figure 4) . Even though a formal analysis of these data is not possible, informal inspection of the figure suggests two conclusions. First, the data tend to cluster along the axes of the figure, implying that the cost occurs in either accuracy or latency, but not in both simultaneously. This is reassuring because it suggests that participants are complying with instructions to change only one aspect of behavior. Second, when data points do stray from the diagonal, they are situated in the fourth quadrant, implying that accuracy costs lead to slower speed and, conversely, speed costs lead to lower accuracy. If speedaccuracy trade-offs were the typical occurrence, one might expect the data to be situated in the third quadrant (lower accuracy coupled with a speed-up) or first quadrant (longer latency coupled with an increase in accuracy). Moreover, the data for older adult groups seem to dwell into the fourth quadrant more often than those of younger adults, strongly suggesting that, if anything, older adults show speed-accuracy trade-off effects less often than younger adults do.
Discussion
The main question raised in this meta-analysis is whether an age-associated deficit in dual-task performance exists over and beyond the effect of general age-related slowing. We examined studies based on both latency and accuracy measures. For each set of studies, we conducted two analyses: state-trace analysis and Brinley analysis, using multilevel hierarchical modeling (Sliwinski & Hall, 1998) . We summarize first the findings from the latency data and then those from the accuracy data, and we end with some general conclusions.
With regard to latency data, the findings pointed to two conclusions: (a) Dual-task costs are additive (rather than multiplicative), and (b) these additive costs are larger in older than in younger adults. Therefore, there is a significant age-related deficit in dualtask performance as measured by latency costs. Two converging results support these conclusions. First, multilevel modeling of the state-trace demonstrated that dual-task costs in both younger and older adults are additive, that is, the requirement of having to perform a concurrent second task adds a fixed cost to the latency of the first task. This was evidenced by the conformation of the state traces, which had slopes of one (viz., 0.99, with an SE ϭ 0.06) and intercepts greater than zero. Under the assumption of serial processing, this result is in accordance with the hypothesis that dual tasking has the effect of adding an additional stage to the sequence of processes already present in the single task. The duration of the added step, as derived from this analysis, was 92 ms in younger adults (95% confidence interval ranging from 43 ms to 141 ms). In older adults, the added step took an extra 78 ms (95% confidence interval ranging from 55 ms to 100 ms), for a total duration of 170 ms. The dual-tasking stage, then, takes about twice as long in older adults as in younger adults. This can also be seen in the raw data: The average single-task latency in the truncated data set was 624 ms for the young and 841 ms for the old; the average dual-task latency in the truncated data set was 729 ms for the young and 1,057 ms for the old, respectively, defining a cost of 105 ms for the young and of 216 ms for the old. In terms of percentages of the single-task latency, the dual-task cost for the young in the truncated data set was 17%, versus 26% for the old.
Second, multilevel modeling in Brinley space showed that the Brinley line for dual-task performance was elevated above the line for single-task performance by a constant 36 ms (95% confidence interval ranging from 12 ms to 59 ms). This result is an unusual one (an age deficit that takes the form of parallel lines in a Brinley plot)-in fact, as far as we know, this is the first demonstration of such an effect in a young-old meta-analysis. Typically, agerelated effects in Brinley plots are situated in the slope of the young-old function and not just in the intercept. The presence of an intercept difference in the absence of a slope difference signals a deviation from general slowing. Like the state-trace results, this result points to the presence of a specific age-related deficit in dual-task performance. This effect is additive to the age-related effect present in single-task performance.
A number of additional findings are worth pointing out. First, single and dual tasks taking less than about 2 s to perform yielded a larger Brinley slope than tasks taking longer to perform. The reason appears to lie in the nature of the single tasks. As can be seen in Table 1 , the studies with slow reaction times mostly used verbal tasks (span measures, sentence verification, and the like). Verbal tasks typically yield smaller Brinley slopes than nonverbal tasks (see, e.g., Hale & Myerson, 1996; Sliwinski & Hall, 1998 ); in our sample of studies, the nonverbal tasks more often showed faster reaction times. In agreement with this hypothesis, we indeed found that in our truncated data set, age differences were larger for visuospatial tasks (age-related slowing factor of 1.8) than for verbal tasks (age-related slowing factor of 1.2).
Second, some of our moderator variables did indeed produce differential dual-task costs in latency. We found an absence of dual-task costs (and an absence of an age difference) with vocal reaction times. A modality match in tasks produced reliably larger dual-task costs than when tasks relied on different modalities. With the exception of the vocal/manual reaction-time variable, however, none of the moderator variables interacted with age, indicating that the age effect in dual-task performance is relatively general across types of processing; in other words, the same variables that influence dual-task costs in younger adults also influence dual-task costs in older adults, and in similar amounts.
Turning now to the accuracy data, the main conclusions are that (a) dual-task performance yields lower accuracy than single-task performance and the cost is additive after logit transformation and (b) there is no evidence for age-related differences in either singleor dual-task performance. The first conclusion follows from statetrace analysis. We found a decreased intercept and a slope not different from unity, indicating that dual-task performance leads to a fixed accuracy cost, at least after logit transformation. Thus, dual-task costs are well described by a fixed drop in logits. Note that a constant cost in logit-transformed space takes the shape of a crescent below the diagonal, bounded by the origin and the (100,100) point when transformed back to percentage correct (see Figure 3) . The second conclusion follows from both state-trace and Brinley analyses. The state-trace analysis showed that the equations describing accuracy under dual-task conditions as a function of single-task conditions are equivalent in younger and older adults. Likewise, the Brinley analysis showed that a single function suffices to relate performance of older adults to that of younger adults; no separate lines are needed to describe agerelations in single-and dual-task performance. The visual-input modality led to a larger decrease in accuracy than the auditoryinput modality but did not produce a reliable age difference in dual-task cost. Additionally, none of the other moderator variables yielded a significant age difference in dual-task cost.
Let us take stock. How is one to evaluate the age-specific effect in latency measures of dual-task performance? This question may be answered in several ways. First, note that for both older and younger adults, the effect of having to perform a secondary task is expressed as an additive cost in latency data. The simplest interpretation of this outcome is to suppose that an extra stage is added to a processing sequence. The new stage introduced in the processing chain takes longer in older adults than in younger adults. We also found that the added stage elevated the error rate but did so equally in younger and older adults. The latter result is reassuring because Age Group ϫ Condition interactions in latency can be safely interpreted only in the absence of Age ϫ Condition interactions in accuracy (Cerella, 1990) . For instance, the added processing step might take so much time in older adults that intermediate results decay from working memory, making dualtask performance relatively more error prone in older adults (Salthouse's [1996] simultaneity mechanism of cognitive slowing). Our findings seem to rule out this scenario. Or older adults might sacrifice speed for accuracy in dual-task conditions, which would lead to smaller or reversed age differences in accuracy under dual-task conditions as compared with single-task conditions. If this were the case, one might expect that latency dual-task costs in older adults would be associated with a smaller decrease in accuracy than observed in younger adults. If anything, the opposite seems to be the case (see Figure 4) : Dual tasking seemed to be more likely to compromise both speed and accuracy in older than in younger adults.
In our added-stage interpretation, we assumed strict serial processing. In this case, as elaborated in Appendix A, the appropriate standard for evaluating the size of the age effect in speed of dual-task performance is against the size of the age deficit present in single-task performance. The general age deficit in single-task performance is best defined as a ratio of the latency of central processes in older adults over the latency of central processes in younger adults, a ratio provided directly by the slope of the Brinley function (Cerella, 1991) . Our best estimate for the general age deficit is the slope derived from our multilevel Brinley analysis, 1.63 (95% confidence interval ranging from 1.47 to 1.79). Our best estimate for the additive cost is the intercept in the state-trace analysis, namely, 92 ms in the young and 170 ms in the old. Consequently, the age-related slowing ratio in dual-task cost equals 1. 85 (viz., 170/92) . This slowing ratio in dual-task costs falls outside the confidence interval for the Brinley slope. Hence, we conclude that the age effect in dual-task cost is larger than the general aging effect present in single-task performance.
Although the insertion of an additional processing stage is consistent with the dual-task effect displayed in the state traces, it is not the only possibility. Retaining the framework of serial-stage models, Sternberg (1969) has shown that additive factors, such as those of task difficulty and dual-task level, are also compatible with the tenets of selective influence. Under that interpretation, the effect of the dual-task requirement is to extend the duration of an existing stage rather than to insert a new stage. We show in Appendix B that the same ensemble of slowing factors continues to account for age effects in the alternative model.
Discrete-stage models of any stripe have met with increasing skepticism. Broadbent (1984) argued that they fail to represent the dynamics of neural processes. A growing number of behavioral studies (such as Kounios, Montgomery, & Smith, 1994; Meyer, Irwin, Osman, & Kounios, 1988) have shown that information accumulates gradually in the course of processing and is accessible prior to the completion of a process, contrary to the all-or-none characteristic of discrete components. These graded dynamics are captured in the cascade model of McClelland (1979) in configurations that are not incompatible with additive outcomes. In Appendix C, we develop a (schematic) cascade model of dual tasking that successfully reproduces the state traces. We show once again that the same ensemble of slowing factors, applied to the time constants of the cascade, continues to provide a quantitative account of the age effects in the data.
These various models converge on a common conclusion that dual-task performance is age sensitive, at least as far as latency is concerned. This raises the question of whether inflated dual-task costs might explain age differences in more complex aspects of cognition. Now, our analysis suggests that the dual-task cost is additive. Existing processes are not penalized in a way that would be expressed by an elevated slope in the state trace. Rather, the age difference is expressed by an intercept change in the state trace. The single-task/dual-task manipulation, however, seems very close to a manipulation advanced by Mayr and Kliegl (1993) , which does indeed drive a slope change. This manipulation is between sequential and coordinative tasks. Sequential tasks involve processing that proceeds in a chainlike fashion, where every intermediate result is immediately used in the next step; coordinative tasks involve processing that requires intermediate storage of results while processing is being carried out concurrently. Coordinative processing typically leads to larger age differences than those produced in sequential tasks (Kliegl, Mayr, & Krampe, 1994; Kliegl et al., 2000; Mayr & Kliegl, 1993; Mayr, Kliegl, & Krampe, 1996; Verhaeghen et al., 1997) , as evidenced by significant slope differences in Brinley plots. In other words, the effect of coordinative processing appears to pervade all central processes in the sequential tasks.
The main requirement of dual-task performance, to perform two tasks concurrently, certainly entails coordination of performance on the two tasks, and we have just shown that this coordinative demand does not manifest itself in a slope difference but in an intercept difference. Consequently, one might be tempted to conclude that the cause of the elevated age deficits in coordinative data (e.g., Mayr & Kliegl, 1993 ) is unlikely to be the process of coordination itself: Coordinative deficits are not an instance of dual-tasking deficits. Further consideration, though, leads to the following suggestion. The additive age effect in dual-task cost and the multiplicative age effect of coordination may be two sides of the same coin in that multiple and repeated switches between processing streams may result in multiplicative age deficits even if each of the switching steps by itself carries an additive deficit (see Appendix B for a mathematical proof of this assertion). The different age outcomes in Mayr and Kliegl's studies (slope differences) and in the dual-task studies (intercept differences) may be due to nothing more than the frequency of switching engendered by the two paradigms. We should also point out, however, that this implies that all coordinative tasks with a similar age-related slowing factor should include the same proportion of task switching interspersed with the central processing bouts. Interestingly, coordinative tasks often yield very similar slowing factors indeed (see, e.g., Verhaeghen et al., 2002) . That all of these tasks are characterized by similar needs for task switching is possible but quite unlikely. Therefore, it seems that the additive age-related deficits found here might theoretically scale up to yield multiplicative age deficits, but this seems empirically implausible.
Some restrictions to our conclusions should be pointed out. First, a number of potentially relevant studies could not be examined because no information on single-task performance was available. This was often the case with studies using the PRP (i.e., psychological refractory period) paradigm, where single-task performance is imputed from performance at long stimulus onset asynchronies. Given that these studies used different input modalities for the two tasks, it is likely that exclusion of these studies led to an overestimation of the magnitude of dual-task effects in both younger and older adults. Second, the number of studies is relatively modest. This may have resulted in suboptimal power to detect effects in the moderator analyses. The reader may note, however, that the technique we used is quite sensitive-we replicated the analyses using traditional effect-size analysis and weighted least-squares regression and found that effects emerging from the aggregate regression analysis were not always detected by these more traditional approaches. Third, a rather heterogeneous group of studies is lumped into one analysis. Even though our moderator analysis suggests that age differences in the dualtask effect do not covary with different types or complexity levels within a particular task (with the exception of the absence of an age effect in vocal reaction time), more and more careful experimental analysis is clearly needed.
To summarize, we found that both younger and older adults suffer from the effects of dual-task performance. Dual-task costs on latency are additive, and older adults suffer from a larger dual-task cost than younger adults. This dual-task cost in older adults is larger than the effect that would be expected from general slowing. However, because the effect is additive and independent of task complexity, there is little reason to assume that it is an important factor in the explanation of age differences in more complex aspects of cognition. No specific age deficit is associated with dual-task costs on accuracy. Verhaeghen, P., & De Meersman, L. (1998a) . Aging and the negative priming effect: A meta-analysis. Psychology and Aging, 13, 1-9. Verhaeghen, P., & De Meersman, L. (1998b) . Aging and the Stroop effect:
A meta-analysis. Psychology and Aging, 13, 120 -126. Verhaeghen, P., Kliegl, R., & Mayr, U. (1997 Case 1: Multiplicative Dual-Tasking Effect Let us adopt a "two-compartment" representation of S Yi , common in mathematical modeling (Luce, 1986) . S Yi is cast as the sum of a "decision" or "central" stage C Yi and a common "residual" or "sensorimotor" stage R Y , S Yi ϭ C Yi ϩ R Y . Suppose now that the dual-task influence acts to modulate C, thus D Yi ϭ ␦ Y ϫ C Yi ϩ R Y , for some ␦ Y Ն 1; that is, the central processes of t are slowed by a factor ␦ Y when performed in the context of tЈ. The equations for S Yi and D Yi can now be solved for the state trace that they imply,
The multiplicative dual-tasking model can be seen to impose a strong constraint on the state trace; the trace is linear with a slope greater than unity (because ␦ Y must be greater than one to induce a dual task cost) and an intercept less than zero (because R Y Ͼ 0 and
What about the formulations for S Oi and D Oi ? Work of Cerella (1990) , Hale and Myerson (1996) , and Kliegl et al. (1994) suggests that age effects are expressed as multiplicative "slowing factors," operating at the stage level. Following these authors, we construct expressions for the old par- 
Conclusions
Case 1 and 2 differ in their depiction of the dual-tasking effect, multiplicative in Case 1 and additive in Case 2; they do not differ in their depiction of the aging effect, which is multiplicative throughout. The two cases lead to distinct predictions for the state traces and the Brinley functions. In Case 1, the state traces for young and old will be divergent, with slopes greater than one; in Case 2, the traces will be parallel with unity slope. The Brinley functions will be divergent in Case 1; in Case 2, they will be parallel.
The two cases hardly exhaust the possible information-processing models, even within the narrow domain of additive stages and additive and/or multiplicative effects. We explored two other models. Case 3 is a combination of Cases 1 and 2: Dual tasking has both a multiplicative effect ␦ ϫ C and an additive effect V, thus,
In Case 4, the dual-tasking effect is additive but not constant; instead, the effect is proportional to the duration of C; thus,
where the parameter ␦ Y is now conceived of as being greater than zero but perhaps much less than one. The predictions of Cases 3 and 4 are basically the same as Case 1: Both the state traces and the Brinley functions will diverge. Thus, divergent slopes appear to be the signature of any model in which dual tasking engenders a multiplicative effect, regardless of the particular architecture through which the effect is expressed.
The outcome of the meta-analysis was exceptionally clear: The data conformed to the predictions of Case 2. What can be concluded from this? Clearly, the multiplicative models can be rejected. It does not follow that the additive model can be accepted, as there must be a vast number of plausible models that predict these simple relationships. (One alternative is developed in Appendix C.) The most that can be said is that the data are consistent with Case 2. The tentative acceptance of Case 2 does not mean that its parameters can be estimated. Four equations are given in the data, and they are not necessarily orthogonal. The models, Case 2 included, have more than four parameters and are therefore underdetermined. Although Case 2 cannot be fully solved, the vagaries of these particular equations do allow some parameters to be estimated. V Y is given by the observed intercept Young , and d by intercept Old intercept Young .
c is given by the Brinley slope and the fact that c Ͼ r can be inferred from the sign of intercept Single (which is observed to be negative). Finally, the fact that d Ͼ c can be inferred from the fact that intercept Dual Ͼ intercept Single .
Appendix B Dual Tasking and Coordination Compared
Our results on dual tasking (parallel Brinley functions) and Kliegl's (e.g., Mayr & Kliegl, 1993) There are two useful treatments of this quantity. In one, overhead in the experimental task is taken to be a constant, V Y ϭ V E . This would reflect a situation where the experimental manipulation adds a stage to the processing stream, as seems to be the case for dual tasking. A constant overhead leads to the Brinley function
Comparing this function with the function for the baseline task, the two lines can be seen to have the same slope and different intercepts.
The second treatment of V Y is more interesting. Notice that the threecomponent model can be interpreted quite flexibly. V and C (and R) need not occur in single blocks of time. Kliegl's description of coordinative tasks (Mayr & Kliegl, 1993) makes it appear that bouts of central processing are interspersed with bouts of overhead. Repeated cycles of this sort are not incompatible with our equations for E, provided that the sum of all the bout durations adds up to V or C. The interesting consequence of such cycling is that the magnitude of V is proportional to C, V Y ϭ ␦ E ϫ C Y (in the simplest case). Substituting this expression for V in the equations for E Yi and E Oi leads to the Brinley function
Comparing this function with the function for the baseline task, the two lines can be seen to differ in slope as well as in intercept. The supposition that the baseline task is overhead free is not necessary for the contrast we draw between dual tasking and coordination. Overhead may be a part of the baseline task as well as the experimental task-it may be an integral concomitant of virtually all information processing. Let us reformulate the baseline model to include overhead. The most general case is
This model incorporates both a constant overhead component and a proportional overhead component. The entailed Brinley function is
Taking this as our baseline model, the contrast between dual tasking and coordination can still be drawn. We hypothesize that dual tasking alters only one parameter when the B Yi and B Oi equations are rewritten for E Yi and E Oi : Namely, V B is changed to V E (with the expectation that V E Ͼ V B ). This change in the Brinley function for the experimental task can be seen to leave the baseline slope unaffected and to change the intercept. Coordination, on the other hand, is hypothesized to alter only ␦ B , which changes to ␦ E (with the expectation that ␦ E Ͼ ␦ B ). This induces a slope difference in the experimental Brinley function, as well as an intercept difference.
(Appendix follows)
Appendix C Cascade Model Predictions
It is a common sentiment that discrete-stage models such as those developed in Appendixes A and B are low in neural plausibility and that actual brain processes have nonlinear dynamics. The cascade model of McClelland (1979) has emerged as a paradigmatic alternative. Much of the influence of this model is owed to McClelland's demonstration that, despite their nonlinear dynamics, cascade models can account for additivefactors outcomes such as those reported in the state traces of our text. In this appendix, we construct models of this stripe and go on to show that the multiplicative slowing factors postulated in Appendices A and B continue to apply, successfully accounting for the age effects in our data within a cascade framework.
Let us approach the cascade models by reviewing the discrete-stage models they supplant. In this formulation, the control component operates in both single and dual modalities, changing its duration to suit. In the terminology of Sternberg (1969) , the effects of dual tasking are expressed through the selective influence of a processing stage distinct from the stage that accommodates the effects of task condition. Unlike the case of pure insertion, the stage architecture does not change with the dual-tasking requirement, only the stage durations. The force of Sternberg's argument was its demonstration that the postulates of selective influence are as consistent with a pattern of additive factors, such as the state traces reported in our text, as are the postulates of pure insertion. McClelland (1979) accepted the three-stage serial architecture of Sternberg (1969) but questioned its discrete, all-or-nothing dynamics. Dynamics can be captured at a schematic level by assuming that each stage is characterized by a scalar activation level (0 Ϫ 1), accepts a scalar input (0 Ϫ 1), and produces a scalar output (0 Ϫ 1) equal to its activation level. In the discrete-stage configuration, a stage is inactive (0) until it receives an Figure C1 . Activation as a function of time for three processes linked in a cascade (dotted, dashed, and solid curves). The reaction time (RT) of the cascade is defined by the time at which the third (solid) process crosses an activation threshold of 2.5. The crossing point is marked by a symbol. The three functions on the left simulate a young participant whose RT ϭ 927 ms; the three functions on the right simulate an older subject whose RT ϭ 2,936 ms. The aged cascade was derived from the young cascade by applying slowing factors to the process time constants. input (1). After time units, it goes active (1) and switches its output from 0 to 1. The connection between this three-stage series and the RT equation written above is obvious.
McClelland's (1979) alternative was to suppose that activation levels are graduated rather than discrete. Driven by a unit step function, the activation level of a McClelland-styled stage rises from 0 to 1 on a negative exponential function of time,
In this formulation, is redefined as an exponential time constant, the reciprocal of the exponential rate . These dynamics imply that prior to its completion, a stage or "computational process" generates partial information. Given the serial connectivity, this information is communicated immediately to its successor process as an input greater than zero but less than one. In this fashion, an initial, step-function input generates a wave of activation that sweeps through the series in what is called a cascade. Given three linked processes with time constants BASE , COMPUTE , and CONTROL , McClelland showed that the activation level or output of the final process E3 is given by the general gamma function
Like E1(t), E3(t) rises gradually from 0 to 1. Because 1 is approached as a limit, the response time of the cascade cannot be defined by the instant at which the final stage goes to 1, as in the discrete model. Instead, a threshold must be introduced into the cascade model, and RT is defined as the instant at which E3 reaches (thus, E 3[RT] Ϫ ϭ 0). For convenience, the cascade output is remapped from (0 Ϫ 1) to (0 Ϫ 5), and by convention, is fixed at 2.5. Thus, RT is given by the root of the expression (5E 3(t) Ϫ 2.5).
Activation functions are illustrated for two cascade models in Figure C1 . These are the two extreme cases from the set of 40 models constructed below. The fastest cascade (three curves to the left on the time axis) represents the performance of young participants in the easiest condition of the single task; the slowest cascade (three curves to the right on the time axis) represents the performance of older participants in the hardest condition of the dual task. Each model consists of three cascaded processes, and the activation function of each process is shown. The three curves all rise from 0 and approach 5 as a limit. The curves are ordered, the first leading the second and the second leading the third, as enforced by the serial architecture. Also shown is the threshold level of 2.5, as a horizontal line. The response time for the fast cascade is defined by the point at which the third activation function crosses the threshold. It is marked by a circle on the graph and fixes the RT at 927 ms. The slow cascade reaches threshold considerably later, with an RT of 2,936 ms. McClelland (1979) expanded his model to account for response-time variances as well as means by wrapping a stochastic shell around this deterministic core. Two sources of variability are introduced, which alter the cascade from trial to trial. On each trial, a quantity of preactivation is added to E3, as a constant sampled from N(0,1), where N(0,1) is the standard normal distribution, and the asymptotic activation level of 5 is perturbed by a constant sampled from N(0,1). Mathematically, the latter quantity can be viewed equally well as a perturbation of the threshold value 2.5. Both noise sources average to zero across trials, so the mean preactivation level remains zero, and the mean asymptote (or threshold) remains 5 (or 2.5).
Preactivation effects are expressed in the RT variability and, following Roberts and Sternberg (1993) , are ignored here. Asymptote fluctuations, however, cannot be ignored; because of the nonlinear activation function, they affect the mean. Given that A ʦ N(5,1) is normally distributed, then (A ϫ E 3(t) Ϫ 2.5) will be normally distributed with a cumulative distribution equal to ⌽(5E 3(t) Ϫ 2.5), where ⌽() is the cumulative normal distribution. In an important corrective to McClelland (1979) , Ashby (1982) pointed out that this expression is not a true probability distribution because some fluctuations will lodge E3 below ; on those trials, the threshold will never be crossed and an RT will never be asserted. This happens on exactly 1 Ϫ ⌽(2.5) ϭ .006 of the trials. Normalizing by this Figure C2 . State traces (A) and Brinley plots (B) derived from a set of 40 cascade models. Ten basic models simulated single-task conditions performed by young participants. The control process of the basic model was lengthened to simulate 10 dual-task conditions. 10 ϩ 10 additional models were generated by lengthening the control process, the computation process, and the base process by different amounts to simulate older participants. The fastest and the slowest of the 40 cascades are shown in Figure  C1 . The regression lines in the two panels match those obtained in the meta-analysis (cf. Figure 2) . RT ϭ reaction time.
AGING AND DUAL-TASK PERFORMANCE (Appendix continues)
factor corrects for these lapses, and F(t) ϭ ⌽(5E 3(t) Ϫ 2.5)/⌽(2.5) gives the exact distribution of threshold crossing times for the stochastic model. Finally, the mean RT is given by
In what follows, RT refers to this integral. (For calculation purposes, ϱ was approximated by 10, which preserved three decimal places of accuracy.) For the two cascades of Figure C1 , the integral evaluates to RTs of 1,032 ms and 3,079 ms, values somewhat greater than the deterministic crossing times.
So constituted, we now construct a set of cascade models that recreate the pattern of results obtained in the meta-analysis. For this exercise, cascade time constants were adjusted so as to more or less reproduce the empirical state traces and Brinley functions. For this proof of concept, we did not attempt to maximize the model fit. Model adjustments were made by manual trial and error, with a goal of matching the regression parameters to one decimal place.
Least constrained in this construction were the 10 models set up to generate task effects for young participants in the single-task condition. For these models, BASE was assigned a value of 1.12 s, CONTROL was assigned .045 s, and COMPUTE ranged from 0.1 s to 1 s in 0.1-s increments. Collectively, these values produced a series of RTs (i.e., S Y ) in the range 1 s to 2 s, which captures a decisive portion of the state trace. The dual-task condition was emulated by increasing CONTROL to 0.125 s; COMPUTE and BASE were unaltered. Notice that all CONTROL and COMPUTE values fall below BASE ; in all conditions, BASE remains the slowest, or rate-limiting, process. This is the configuration identified by McClelland (1979) as producing purely additive effects. This proved to be true of the task and modality effects in our exercise. The dual RTs (D Y ) ranged from 1.1 to 2 s, and regressing S Y onto D Y exposed a perfectly linear relationship (correlation of 1.0) with a slope of 1.0 and an intercept of 0.09 s, matching the observed state trace.
We next introduced impairments in the young cascades in the form of slowing factors applied to the time constants, in an attempt to recreate the outcomes observed from older participant groups. We began by applying a slowing factor of 1.6 to COMPUTE , taken from the central slowing factor estimated from the data. Working outward from COMPUTE , factor values were applied to BASE and CONTROL until the target regression parameters were obtained. As finally disposed, BASE received a factor of 1.4, and CONTROL received a factor of 2.0. Notice that the magnitudes of the three model parameters are rank ordered like the empirical values, slowing BASE Ͻ slowing COMPUTE Ͻ slowing CONTROL although the absolute value of slowing CONTROL (2.0) is somewhat greater than the empirical estimate (1.85).
We suspect that the difference in magnitude is due not to the cascade framework but to the selective-influence framework. The latter ensures that some of the common-path slowing bundled into the intercept of the Figure C2 .
We mention two further observations of McClelland's (1979) . First, the global cascade function-E3(t) in our example-does not determine the order of the component processes. The symmetry of the terms of E3 (t) ensures that all permutations are equivalent. Second, any process that is not rate limiting can be replaced by two child-processes whose time constants sum to the parent process with no noticeable effect on the global activation function. These two properties suggest that our account of coordination, built from multiple, interleaved bouts of COMPUTE and CONTROL (Appendix B), can be recreated in a cascade context.
